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Abstrak 
Metode tradisional untuk mengakses informasi dari dokumen pedoman akademik sering 

kali menyebabkan pencarian manual yang tidak efisien dan pertanyaan berulang. Penelitian ini 
mengatasi tantangan tersebut dengan mengembangkan chatbot akademik Pertanyaan yang 
Sering Diajukan (FAQ) menggunakan pendekatan Retrieval Augmented Generation (RAG). Studi 
ini bertujuan untuk menyederhanakan akses informasi akademik pada dokumen akademik 
melalui chatbot berbasis Kecerdasan Artifisial.  Metodologi mencakup pengumpulan dokumen, 
pra-pemrosesan data, dan pembuatan representasi vektor melalui teknik embedding. Sistem 
retrieval dibangun menggunakan basis data vektor untuk pencarian berbasis kemiripan, yang 
kemudian diintegrasikan dengan Model Bahasa Besar (LLM)Penelitian ini menggunakan model 
All-MiniLM-L6-v2 untuk embedding, sementara model LLM Gemini-2.0-flash digunakan untuk 
membangkitkan respons. Antarmuka chatbot dikembangkan menggunakan framework Flask. 
Survei pengguna menunjukkan kepuasan yang lebih tinggi terhadap hatbot berbasis RAG yang 
dikembangkan dibandingkan dengan layanan tradisional. Penelitian ini berkontribusi secara 
signifikan dengan mendemonstrasikan solusi AI yang efektif, adaptif, dan hemat biaya yang 
meningkatkan layanan informasi akademik. 
Kata kunci: Chatbot, Retrieval Augmented Generation, Model Bahasa Besar, Informasi 
Akademik 

  
Abstract 

Traditional methods of accessing information from academic guideline documents often 
lead to inefficient manual searches and repetitive queries.  This research addresses these 
challenges by developing an academic Frequently Asked Question (FAQ) chatbot using the 
Retrieval Augmented Generation (RAG) approach. The study aims to simplify academic 
information access on academic documents through an AI-integrated chatbot.  The methodology 
includes document collection, data preprocessing, and vector representation via embedding 
techniques. A retrieval system is built using a vector database for similarity-based searches, 
integrated with a Large Language Model (LLM).  This research used All-MiniLM-L6-v2 model for 
embeddings, while Gemini-2.0-flash is utilized as the LLM for response generation.  The chatbot 
interface is developed using Flask framework.  User surveys indicate higher satisfaction with the 
developed RAG-based chatbot compared to traditional services. This research contributes 
significantly by demonstrating an effective, adaptive, and cost-efficient AI solution that enhances 
academic information services.  
Keywords: Chatbot, Retrieval Augmented Generation, Large Language Model, Academic 
Information 
 
1. Introduction 

The rapid advancements in artificial intelligence (AI) have instigated a significant digital 
transformation across various sectors, including education. A prominent innovation in this 
technological landscape is the emergence of Large Language Models (LLMs), which possess 
advanced capabilities in understanding, processing, and generating natural and contextual text 
[1]. Chatbots, widely recognized applications of LLM technology, enable users to interact by 
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writing textual prompts and receiving comprehensive responses. Meanwhile in academic settings, 
there is a growing demand for rapid, accurate, and personalized information access to support 
students, lecturers, and researchers in their learning and research activities. 

Despite the potential of chatbots, conventional systems often exhibit limitations in 
comprehending complex contexts and delivering adequate responses. Academic institutions 
frequently face the challenge of recurring questions posed to non-teaching staff, necessitating 
prompt replies. Furthermore, access to educational and teaching information often relies on 
manual processes, such as downloading documents from faculty websites, which can be time-
consuming and inefficient for finding specific details. Students commonly resort to manual 
keyword searches or seeking information from peers, leading to inefficiencies, especially when 
dealing with extensive and complex documents, and potentially hindering their understanding of 
academic policies. An efficient and responsive information system is therefore crucial to serve as 
a central reference for the entire academic community. 

To address these challenges, leveraging LLMs for developing academic chatbots 
presents a promising solution to enhance the efficiency and quality of information services in 
educational institutions. A particularly effective approach is the integration of Retrieval-
Augmented Generation (RAG). RAG [2], [3] combines the strengths of large language models 
with the ability to retrieve information from external knowledge bases. This method enables 
chatbots to deliver responses that are not only accurate but also highly relevant, grounded in 
reliable sources. Within a university context, such knowledge sources can encompass research 
journals, lecture modules, academic guidelines, and institutional repositories. By utilizing RAG, 
chatbots can extract specific information from these documents and generate contextual, in-depth 
answers, thereby improving the quality of user interaction and ensuring that provided information 
is trustworthy and consistent with academic standards. This makes chatbots an effective virtual 
assistant for accessing academic information, answering complex questions, and more efficiently 
supporting learning and research processes. In general, universities possess numerous 
academic documents, including research implementation guidelines, academic technical 
instructions, and Standard Operating Procedures (SOPs). Large Language Model and RAG 
technology can help facilitate the academic community's access to relevant information. 

This research specifically focuses on the development of an academic chatbot for 
academic documents. The primary objective of this research is to develop a RAG-based chatbot, 
integrated with Artificial Intelligence (AI), to simplify access to academic information related to 
education and teaching within the university. This study addresses the following key problems: 
1. How to implement the LLM with the Retrieval-Augmented Generation (RAG) approach to 

develop an academic chatbot capable of retrieving information from internal organization 
academic documents? 

2. How effective is the LLM and RAG-based chatbot in providing accurate and relevant 
responses based on the research guidelines, academic technical instructions, and SOPs 
owned by organization? 

3. What technical and non-technical challenges are encountered in integrating LLM and RAG? 
 
2. Research Method / Proposed Method 

The development of the Academic Chatbot prototype starts with conducting first survey 
to gain understanding of what students need to fulfill their academic information. Based on this 
survey, appointed academic documents were selected to be processed further in the form of 
embedding representation. A prototype of web-based application was developed with help from 
Python-based Flask framework [4], and finally the early prototype is used by students and 
lecturers. They assess the functionality of the chatbot to fulfill the academic information needs. 

Quantitative method is used for analyzing the success of the Academic Chatbot 
prototype, carried out by surveying user respondents. The survey is conducted in two stages: the 
first survey before development to understand the main problems students face in obtaining 
academic information, and the second one was conducted after development to measure user 
satisfaction. Information collected from the survey includes user satisfaction with chatbot 
responses, chatbot speed in generating responses, and overall system response time. Users can 
be students, lecturers, or academic staff. A total of 36 students served as respondents in the initial 
survey conducted prior to the development phase of the chatbot. This initial survey was performed 
to assess the need and main issues students faced in obtaining academic information. 
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The RAG approach combines the power of large language models with the ability to 
retrieve information from external knowledge bases, enabling the chatbot to provide accurate and 
relevant responses based on trusted sources. RAG generally consists of three main steps: 
Indexing, Retrieval, and Generation. 
 
3. Literature Study 

ChatGPT has garnered worldwide attention since its launch in November 2020. Several 
years later, its creator, OpenAI, developed large language models with a significantly greater 
number of parameters [1]. ChatGPT is a technology based on the Generative Pre-trained 
Transformer (GPT) architecture [5], in which the underlying language model has undergone a 
pre-training process within a machine learning context. GPT technology itself is built upon the 
Transformer architecture [6], which has been the catalyst for the remarkable advancements in 
Artificial Intelligence witnessed in recent years. 

Various GPT-based chatbots are now available, aside from ChatGPT, namely Gemini AI 
from Google[7], Microsoft Copilot from Microsoft, and Llama from Meta [8], among others. It is 
important to note that building these large language models (LLMs) requires immense 
computational resources [9], [10], [11]. This requirement is one of the key drawbacks of LLMs, 
particularly when it comes to answering questions that are highly specific to a particular problem 
domain. 

Researchers, academics, and the public have implemented a variety of creative 
applications for Large Language Models (LLMs). To apply an LLM to a specific knowledge 
domain, two primary approaches exist: fine-tuning and Retrieval Augmented Generation (RAG). 
Fine-tuning is a further "learning" stage applied to a pre-trained LLM [12]. The main challenge 
with fine-tuning is the immense computational resources it demands, requiring computers with 
very large RAM and high-end CPUs [12], [13], [14]. For many organizations, this represents a 
significant barrier. 

An alternative approach is Retrieval-Augmented Generation (RAG). This technique does 
not require the extensive computational resources needed for fine-tuning because it relies on a 
retrieval process [2], [3], [15]. Simply put, RAG uses an initial prompt from the user to search for 
relevant information from an organization's external data sources. This retrieved information is 
then used as a subsequent prompt to generate a final response. The steps involved in the RAG 
process are illustrated in Figure 1. 
 

 
Figure 1. Conceptual working of Retrieval-Augmented Generation (RAG) [3] 

 
 Information within a document collection is converted into vector embeddings [16], [17], 
[18], [19]. This vector embedding representation is fundamentally how LLMs generate responses 
from user prompts. Nevertheless, the RAG technique also has its drawbacks, such as a slower 
response generation time compared to fine-tuning. Additionally, RAG requires an extra 
component to store the Document Index shown in Figure 1. This component is a vector database, 
which holds the embedding representations of the information from the document collection [15]. 
 
 
4. Result and Discussion  

The development process of Academic Chatbot begins with selecting academic 
documents for initial development. In this study, we selected the Technical Guidelines for 
Academic Activities and New Student Admission Guide. These two documents were considered 
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sufficiently representative for the initial development of this Academic Chatbot. These documents 
were then going through cleaning and extracting process into a uniform plain text format. Within 
the chatbot application, technical guideline documents will be indexed by an administrator user 
where she may upload selected documents deemed relevant to the academic information need 
of the chatbot users. Behind the scenes the logic of chatbot application will segment the texts 
found in the uploaded documents into smaller, digestible pieces (chunks) to accommodate the 
context limitations of language models. 

These chunks are then encoded into vector representations using an embedding model. 
The model used in the chatbot application is sentence-transformers/all-MiniLM-L6-v2. Before 
using that model, we tried to use all-mpnet-base-v2 as well. Although it shows good performance, 
`all-MiniLM-L6-v2` is chosen for its efficiency and accuracy, being smaller and faster for our final 
implementation. After chunking, the indexing and embedding results are stored in a vector 
database, namely FAISS (Facebook AI Similarity Search) [4], [20], [21]. 

Upon receiving a user query, the RAG system uses the same encoding model (used 
during the indexing phase) to transform the query into a vector representation. The system 
calculates the similarity score between the query vector and the chunk vectors in the indexed 
corpus. This vector representation of the chunked information from uploaded documents can be 
used as semantic search, like finding similarities between the terms "libur" and "cuti". The system 
prioritizes and retrieves the top-K chunks that show the greatest similarity with the query. These 
chunks are then used as extended context in the prompt. Interaction with reference documents is 
used to retrieve information. 

In the generation step, which is the third step, user's question and the selected documents 
are synthesized into a coherent prompt. This research uses Google Gemini-2.0-flash to help 
formulate the final response. Gemini is chosen for its ability to understand various data types 
(text, images, PDFs, videos), better readability, more positive responses, and the availability of a 
free API compared to the paid ChatGPT API. The model's approach to answering can vary based 
on specific task criteria, allowing it to leverage inherent parametric knowledge or restrict its 
responses to the information contained in the provided documents. Any existing conversation 
history can be integrated into the prompt, enabling the model to engage in multi-turn dialogue 
effectively. 

In developing our chatbot application, several supporting technologies and tools are 
used. For web application framework, Flask [4] is used to accelerate the web-based application 
of the chatbot. As for LLM, an open-source framework designed to facilitate the development of 
LLM-powered applications, LangChain [22], [23], is used to connect LLMs with various external 
data sources. To extract text from academic documents in PDF format, we used PyPDF2 library. 
RecursiveCharacterTextSplitter is used to break down long texts into smaller chunks. 
 
5. Conclusion  

This research focuses solely on the development of a RAG-based chatbot with the 
primary focus on accessing academic information in the context of higher education institutions, 
using textual data only. The business process is focused on managing academic information 
mainly for students who need to access academic information, while at the same time reducing 
the allocated academic personnel to answer those needs. This research only covers the 
development and initial testing phases of the chatbot, and early assessment of how well it served 
students. It does not cover long-term maintenance or updates. 

Future research and development for this academic chatbot can significantly expand its 
capabilities and impact. Several ideas and key areas for future exploration include the following: 
Integration with existing institution’s information systems, enhanced user interface and user 
experience, robust knowledge management and dynamic document updates, exploration of 
additional LLMs, and enhancing current prototype with multi modal capabilities using multi modal 
models. 

It is also our plan to analyze questions posed by early users of this version of chatbot, to 
modify more specific needs of academic information by students and lecturers as well. 
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